Introduction
In the previous decades, the U.S. banking industry has experienced intense consolidation through mergers and acquisitions (M&As). In the literature, there is a general agreement on the broad forces that affect bank merger activity (DeYoung et al., 2009) . However, to date, there is elusive evidence on the factors that influence the probability of bank to participate in a merger. Furthermore, the majority of the relevant studies examine this issue only from the target banks' perspective (Prasad and Melnyk, 1991; Pasiouras et al., 2007) .
In this paper, we attempt to fill this gap in the literature by studying the underlying characteristics of banks that become either bidders or targets. We differentiate from the existing empirical work, since we use the sentiment of annual reports (i.e., Form 10-K) to gauge the banks' acquisition likelihood. Hence, our study adds to the growing literature that relates textual analysis to the banking industry. For instance, Gandhi et al. (2019) use textual data as a proxy for banks' financial distress. In a similar fashion, Del Gaudio et al. (2019) investigate the relationship between bank stability and the tone of the annual reports. To the best of our knowledge, our study is the first to utilize textual information in the context of bank M&As.
Prior literature suggests that potential bidders differ systematically from potential targets in their characteristics. Larger, well-capitalized and more profitable banks are anticipated as likely bidders, whereas smaller and less profitable banks as potential targets (Becher, 2009) .
In this regard, the sentiment of annual reports may have an adverse effect on a bank's likelihood to become bidder or target. For this reason, we expect banks with a higher fraction of positive (negative) words in their annual reports to be likely bidders (targets). To test our prediction, we perform several logistic regressions, where we use both textual data and bankspecific financial variables.
Our results provide novel evidence that text sentiment constitutes a key element in determining the likelihood of bank acquisitions. Consistent with our expectations, more positive (negative) language in the bank's annual report is associated with a higher probability of becoming a bidder (target) in the subsequent year after the filing. It is also noteworthy that our findings are not only statistically, but also highly economically significant. Finally, this documented positive relationship between textual information and bank acquisition likelihood is not influenced by the inclusion of bank-specific financial variables.
Our findings are important to investors, but more importantly to regulators. In fact, any model that improves the ability of regulators to identify potential bidders and targets is beneficial, since it enables policy makers to a priori evaluate any merger-related anticompetitive effects.
The rest of the paper is organized as follows. Section 2 describes our sample collection process and methodology. Section 3 reports our empirical findings, and Section 4 concludes the paper.
Data and Methodology

Sample selection
We obtain data from three different sources. First, we collect bank annual reports (10-Ks, 10-K405s, 10-KSBs, and 10-KSB40s), excluding amended documents, from the SEC's Electronic Data Gathering, Analysis, and Retrieval (EDGAR) database. To be included in the sample, a bank's fiscal year end should be during the calendar years 1997 to 2015. Further, we require at least 2,000 words to appear in the SEC filings. Using this filter, we omit 31 observations. In addition, 2 banks had more than one filing in the same fiscal year, and as a result, we exclude them from the sample, following Loughran and McDonald (2011) .
Therefore, our selection process results in an initial sample of 16,012 bank-year observations. Second, we collect bank characteristics from the Federal Reserve Bank of Chicago (FRBC). 1 To do so, we use the Federal Reserve Bank of New York's CRSP-FRB link, which provides the RSSD IDs for all publicly-traded U.S. banks. Then, in order to match the RSSD IDs of the banks with their Central Index Keys (CIK), we merge the FRBC data with our initial sample from EDGAR, using the bank names and locations (state and city if possible).
To maximize the number of usable observations, we also use the National Information Centre (NIC) database, where we manually match the bank RSSD IDs with their CIKs. Our final sample includes 8,068 bank-year observations. Third, we collect bank M&As data from the Thomson ONE database for deals announced between April, 1997 and April, 2017. 2 We use the following criteria: (1) both bidders and targets are commercial banks, savings institutions, or bank holding companies, (2) the bidder is public, (3) the target is a public firm, a private firm, or an unlisted subsidiary of a public firm, (4) all public firms are listed on NYSE, AMEX, or Nasdaq, and (5) the bidder acquired an interest of above 50% in a target, as long as this interest was initially less than 50%. Our bank merger sample consists of 1,078 observations (751 bidders, and 327 targets).
Textual analysis and methodology
The retrieved bank annual reports are encoded in hypertext markup language (HTML).
Hence, we remove HTML formatting and any other non-textual information, such as embedded images or spreadsheets that may be present in the text (Bodnaruk et al., 2015) . We also remove all identified HTML tables, if their numeric character content exceeds 15%.
Further, we eliminate punctuation and generic stop words from the text. Finally, the processed texts are encoded as Bag-of-Words scalars.
To measure the sentiment of the bank annual reports, we use two common term weighting schemes: (1) the term frequency (TF), and (2) the term frequency-inverse document frequency (TF-IDF). For this purpose, we use the Loughran and McDonald's (2011) lists of positive and negative words. TF scores are calculated as the proportion of positive (or negative) words relative to the total number of words in each report. TF-IDF approach downweights the TF scores on the basis of how frequently a word appears in the sampled bank reports. We report results based on the TF-IDF weighting scheme. In untabulated results, we also use the TF weighting, and we find similar results.
Finally, in order to estimate the probability of a bank being a bidder or target, we use several logistic regressions (Palepu, 1986; Barnes, 1998; Powel, 2001; Routledge et al., 2017) . In our regressions, we first use only Positive TF-IDF or Negative TF-IDF as predictors. Next, we also add financial variables, frequently-used in the banking literature (Pasiouras et al., 2010) . 3 A detailed description of our financial variables is included in Table   1 . Finally, summary statistics for all variables are presented in Table 2 .
Insert Tables 1 & 2 here Table 3 presents the results of the logistic regressions, where we examine the likelihood of a bank to become a bidder. In the first three models, the dependent variable equals 1 if a bank became a bidder in the subsequent year after the filing date, and 0 if it became a target in the same year, or if it was not involved in a merger. In the last three columns, the dependent variable equals 1 if a bank became a bidder in the subsequent year after the filing date, and 0 if it was not involved in a merger. Table 3 uses only positive TF-IDF as the predictor. The positive and statistically significant coefficient of this variable indicates that the positive sentiment of the 10-K filing is associated with higher probability of a bank becoming a bidder. Next, we repeat our analysis adding financial variables. We run two separate logistic regressions, due to the fact that Cost efficiency and ROA are highly correlated. The findings suggest that larger, better-capitalized banks, with higher loan activity and lower loan loss provisions, are more likely to become bidders. In addition, higher efficiency and profitability translate to higher bidder's likelihood. The inclusion of the financial variables improves the Pseudo R 2 in both cases. The important thing in our analysis however, is that the coefficient of positive TF-IDF remains positive and highly statistically significant, even when we control for the financial characteristics of the sampled banks. Finally, the results of the last three columns of Table 3 are qualitatively similar.
Empirical results
Model 1 of
At this point, it is important to note that our textual variable is not only statistically, but also economically significant. In fact, the marginal effect of Positive TF-IDF is 1.971 (as estimated in model 2), and its standard deviation is 0.570. In addition, the mean of the bidding banks' dummy equals to 0.093. Therefore, a one-standard deviation increase in the percentage of positive words in a bank's annual report is associated with a 12.08%
(1.971*0.570/0.093) higher probability that the bank will become a bidder in the subsequent year after the filing date.
Insert Table 3 here Table 4 reports the results of the logistic regressions, where we examine the likelihood of a bank to become target. We conduct two sets of regressions, in a similar spirit as in Table 3 . Table 4 uses only negative TF-IDF as the predictor. Interestingly, we find that this variable enters the regression with a positive and statistically significant coefficient at the 5% level. This finding implies a positive relation between the negative sentiment of the 10-K filings and the banks' probability to be acquired. The Pseudo R 2 of this model equals 2%.
After including the financial variables, we find that banks with lower non-interest income and loan loss provisions are also more likely to be acquired. In contrast with the bidding banks, lower efficiency and profitability are associated with higher likelihood of becoming a target.
Notably, the inclusion of financial variables does not substantially improve the Pseudo R 2 (2.7% and 2.8% in models 2 and 3, respectively). This result reflects the difficulty of accurately predicting a target firm, and it is consistent with the non-financial literature (Betton et al., 2008) . However, negative TF-IDF is positive and statistically significant in all models, highlighting the importance of textual information in determining banks' acquisition probability. Models 4 to 6 report similar results. Strikingly, the economic significance of our textual variable is also high in the case of target banks. In particular, the marginal effect of Negative TF-IDF is 0.239 (as estimated in model 2) and its standard deviation equals to 2.277. Furthermore, the mean of the target banks' dummy equals to 0.041. Hence, a one-standard deviation increase in the fraction of negative words in the bank's annual report translates to a 13.27% (0.239*2.277/0.041) higher probability that the bank will become a target in the subsequent year after the filing date.
Insert Table 4 here
Conclusion
In this paper, we perform textual analysis to identify potential merger participants in the U.S. banking industry. Our findings indicate that the sentiment of annual reports sheds light on a bank's likelihood to be bidder or target. In fact, we find that banks with a higher fraction of positive (negative) words in their annual report have a higher probability of becoming bidders (targets) in the subsequent year after the filing. Notably, this positive relationship holds even when we include several bank-specific financial variables in our logistic regressions. As a concluding remark, we would say that there is still much to explore in this issue. For example, it would be interesting to explore text representations obtained from neural encoders (Goldberg, 2017) , instead of TF-IDF features based on lists of positive and negative words. However, we hope that our study will provide fertile ground for a more indepth examination on the role of textual analysis in determining the likelihood of bank acquisitions. Table 3 Logistic regressions of bidder dummy on textual sentiments and financial variables This table illustrates the estimations from logit model by using textual and financial variables. In each column, bidder dummy is used as dependent variable which is a dummy variable that equals 1 if a bank announced an acquisition in the subsequent year after the filing date, and 0 otherwise. The first three columns report logistic regressions where the non-bidder sample includes both targets and non-merged banks, whereas the remaining three columns include only non-merged banks. Heteroskedasticity-robust z-statistics are reported in parentheses.
Calendar year dummies and a constant are included without being presented. The symbols *, **, and *** denote statistical significance at the 0.10, 0.05 and 0.01 levels, respectively, using a 2-tail test. Table 4 Logistic regressions of target dummy on textual sentiments and financial variables This table illustrates the estimations from logit model by using textual and financial variables. In each column, target dummy is used as dependent variable which is a dummy variable that equals 1 if a bank was identified as a target in the subsequent year after the filing date, and 0 otherwise. The first three columns report logistic regressions where the non-target sample includes both bidders and non-merged banks, whereas the remaining three columns include only non-merged banks. Heteroskedasticity-robust z-statistics are reported in parentheses.
Calendar year dummies and a constant are included without being presented. The symbols *, **, and *** denote statistical significance at the 0.10, 0.05 and 0.01 levels, respectively, using a 2-tail test.
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